Abstract Biotic interactions influence species niches and may thus shape distributions. Nevertheless, species distribution modelling has traditionally relied exclusively on environmental factors to predict species distributions, while biotic interactions have only seldom been incorporated into models. This study tested the ability of incorporating biotic interactions, in the form of host plant distributions, to increase model performance for two hostdependent lepidopterans of economic interest, namely the African silk moth species, Gonometa postica and Gonometa rufobrunnea (Lasiocampidae). Both species are dependent on a small number of host tree species for the completion of their life cycle. We thus expected the host plant distribution to be an important predictor of Gonometa distributions. Model performance of a species distribution model trained only on abiotic predictors was compared to four species distribution models that additionally incorporated biotic interactions in the form of four different representations of host plant distributions as predictors. We found that incorporating the moth-host plant interactions improved G. rufobrunnea model performance for all representations of host plant distribution, while for G. postica model performance only improved for one representation of host plant distribution. The best-performing representation of host plant distribution differed for the two Gonometa species. While these results suggest that incorporating biotic interactions into species distribution models can improve model performance, there is inconsistency in which representation of the host tree distribution best improves predictions. Therefore, the ability of biotic interactions to improve species distribution models may be context-specific, even for species which have obligatory interactions with other organisms.
INTRODUCTION
to spatial clumping of occurrence records and therefore over-representation of some environmental features which can result in poor model predictions (Kramer-Schadt et al. 2013) . Therefore, the 'thin' function in the SpThin package (see Aiello-Lammens et al. 2015) was used to spatially thin the both moth and host tree occurrence records prior to modelling (Table S1 and Fig. S1-S3 in Appendix S1).
Environmental predictor variables
Seven climate variables were downloaded from the Worldclim database (v.1, Hijmans et al. 2005 ) at 2.5' spatial resolution: annual mean temperature (BIO1), maximum temperature of the warmest month (BIO5), mean temperature of the driest quarter (BIO9), annual precipitation (BIO12), precipitation seasonality (BIO15), precipitation of the driest quarter (BIO17) and precipitation of the coldest quarter (BIO19). BIO9 and BIO19 were subsequently removed because of their high correlation (r > 0.8) with BIO1 and BIO17 respectively. Five soil variables, namely soil organic carbon content, pH, cation exchange capacity, percentage sand content and bulk density were obtained from the SoilGrids database, downloaded at 1 km spatial resolution (Hengl et al. 2014 ) and resampled to 2.5' spatial resolution. These soil variables did not display high collinearity. All map conversions were conducted in ArcMap v. 10.1.
Modelling and model evaluation
Species distributions were modelled for Africa south of the equator using a maximum entropy approach in Maxent (Phillips et al. 2006) . Maxent is amongst one of the best performing SDM methods for presence-only data (Elith et al. 2006; Hernandez et al. 2006; Phillips et al. 2006; Elith et al. 2011) because it is not sensitive to sample size and can use both categorical and continuous predictors. Maxent models produce a probability of occurrence distribution over the defined study area (Phillips & Dudík 2008) and the target distribution is estimated by finding the distribution that is closest to uniform (i.e. the distribution of maximum entropy) under a set of environmental constraints (or features) derived from species' occurrence records (Phillips et al. 2006) . Initially, the current potential distributions of G. postica and G. rufobrunnea were modelled using only the climatic variables (excluding the soil variables) mentioned above (hereafter referred to as "Abiotic models"; Fig. 1 ). These variables were selected based on the seasonal nature of Gonometa species' outbreaks and their sensitivity to rainfall and drought periods (Hartland-Rowe 1992; Delport 2006) . In southern Africa, G. postica and G. rufobrunnea have two generations per year coinciding with rainfall seasonality (Hartland-Rowe 1992) . It is therefore expected that temperature and precipitation will have an effect on Gonometa distribution, which is in line with other SDM studies on Lepidoptera (Beaumont & Hughes 2002; Tóth et al. 2013) .
It is expected that host tree distributions (i.e. biotic predictors) will play a role in shaping Gonometa distributions because Gonometa species are largely dependent on a limited number of host plant species for the completion of their life cycles (Hartland-Rowe 1992; Fening et al. 2008; Fening et al. 2010) . Therefore, a second set of models was run that incorporated moth-host plant interactions, in the form of host plant distributions, when predicting Gonometa species distributions. The distributions of the host plants V. erioloba, S. mellifera, V. tortilis and B. africana (for G. postica) and C. mopane and B. spiciformis (for G. rufobrunnea) were modelled in Maxent using the five bioclimatic and the five soil variables as predictors, all of which have been shown to be important drivers of savanna tree distributions (Huntley & Walker 1982; Smith & Goodman 1986 ). To model Gonometa distributions that include biotic interactions, four different models (hereafter referred to as Biotic 1, Biotic 2, Biotic 3 and Biotic 4) incorporating different representations of modelled host plant distributions as predictors, in addition to the climatic variables, were run for each Gonometa species.
The different representations of host plant distributions (Fig. 1) were: the probability distribution maps of the individual host trees (Biotic 1), the presence-absence distribution maps of the individual host trees (Biotic 2), the presence-absence distribution maps of all host trees combined into a single host tree presence-absence distribution map (Biotic 3) and the probability distribution maps of all host trees combined into a single host tree probability distribution map (Biotic 4). In the Biotic 1 models, all individual host tree probability maps, as produced by the Maxent output, were included in the moth SDMs as predictors (Fig. 1) . In Biotic 2 models, these probability maps were converted to presence-absence maps by applying the "maximum training sensitivity plus specificity" threshold (Liu et al., 2005) , and the presence-absence map of each host tree species included as a separate predictor in the moth SDMs. In Biotic 3 models, the individual presence-absence maps were combined into a single presence-absence map of where any host tree species of the modelled moth species occur (i.e. all areas where at least one of the host trees occurred was considered a presence). This map was included as a predictor in SDMs.
To combine the individual host tree probability distribution maps into a single map of host tree probability (Biotic 4), the individual host tree probability maps were summed to produce one map that was included as a predictor in the moth SDM. Because the two different moth species utilize different host trees, the host tree maps used in models of the two moth species differed.
For all SDMs (host tree and Gonometa), localities were divided into five random training (80%) and test (20%) datasets. The model was built using the training dataset, and statistical model evaluation (see below) was based on the test dataset (Phillips & Dudík 2007) . To account for the effects of sampling bias for the models predicting Gonometa species distributions, pseudo-absences were chosen randomly from the locality records for all Lepidoptera in southern and East Africa available from GBIF. These pseudo-absence data were selected based on the assumption that sampling biases for Lepidoptera overall will be a good proxy for sampling biases in Gonometa species (see Elith & Leathwick 2007; Barbet-Massin et al. 2012) . For modelling host tree distributions, pseudo-absences were taken from an extensive database of locality records of all African acacia species (Greve et al. 2012) , as these data were considered to be representative of the tree sampling bias in African savannas. Although this method does not guarantee that pseudo-absences are true absences, as collectors often target specific species and not all species in an area, this method will reduce bias with respect to selecting pseudo-absences from the landscape at random (see Elith et al. 2011) . The maximum number of background points (i.e. pseudo-absences) was specified to be 5000. Presence-absence maps for the modelled moth distributions were generated using the "maximum training sensitivity plus specificity" threshold (Liu et al. 2005) .
The performance of our models was assessed using the area under the ROC curve (AUC), true skills statistic (TSS) and test gain. The AUC is a threshold-independent measure of model performance (Thuiller 2003) and its values range from 0.5 to 1, where model performance is excellent if the AUC is > 0.9, good if 0.8 < AUC < 0.9, fair if 0.7 < AUC < 0.8, poor if 0.6 < AUC < 0.7, bad if 0.5 < AUC < 0.6 and no better than random if AUC < 0.5 (Swets 1988). These AUC values represent the ability of a model to discriminate between areas where a species is predicted to be present and those where it is predicted to be absent (Hanley & McNeil 1982) .
Model performance was also assessed using the TSS (Allouche et al. 2006) because the AUC can be a misleading measure of model performance (Lobo et al. 2008) . Both omission and commission errors are accounted for by the TSS. Furthermore, TSS is unaffected by prevalence and the size of a validation set (Allouche et al. 2006) . The TSS values range between -1 and +1, where TSS > 0.75 is excellent, 0.40 < TSS < 0.75 is good, TSS < 0.40 is poor and TSS < 0 indicates that model performance is no better than random (Allouche et al. 2006 ; but see also Landis & Koch 1977) . Biotic and abiotic model performances were statistically compared from ten cross-validated replicate models (per abiotic/biotic model) using one-way analysis of variance (ANOVAs). This method of comparison is not particularly robust, as there are a limited number of presence-absence records to test this and tests are not independent of one another; nevertheless, they were run to provide an additional comparison. We also report the test gain, a likelihood statistic which maximises the probability of presence in relation to background data for the data used to evaluate how well Maxent predicts distributions.
To understand which variables were most important for the prediction of Gonometa distributions, analysis of variable contribution to the model and estimates of variable importance (using Jackknife tests) were extracted from the Maxent output for each Gonometa species.
RESULTS

Model performance and predicted distribution of Gonometa species
The models predicting host tree distributions (Fig. 2) had a fair to high predictive power (AUC > 0.70 and TSS > 0.4; Table S2) (except V. tortilis, AUC = 0.67, TSS = 0.38) and predicted host tree distributions overlapped fairly well with the Gonometa species' distributions ( Fig. S4-S5 ).
The abiotic model predicting G. postica distribution performed fairly well (AUC > 0.70 and TSS > 0.5; Table 1 ). Occurrence records of G. postica showed good overlap with the predicted Table 1 . Model performance for the SDMs used to predict Gonometa distributions. Abiotic models were run using climatic predictor variables only. Biotic models were run using host tree maps in addition to climatic predictors. In Biotic 1 models individual probability maps of each host plant distribution were used; in Biotic 2 models individual host plant presence-absence maps were used; in Biotic 3 models the combined presence-absence maps of host plant distributions were used; and in Biotic 4, host plant probability maps were summed and used as predictors of moth statistic (maximising the probability of Gonometa presence in relation to background data) for the test data (i.e. data used to evaluate how well Maxent predicts independent data). § § The true skill statistic (TSS) is takes omission and commission errors into account and is unaffected by prevalence and the size of the validation set. Known occurrence records (thinned) are illustrated in black. Maps were generated using the "maximum training sensitivity plus specificity" threshold. 3 . The abiotic (a) and biotic (b−e) presence-absence maps generated for the current predicted distribution of 622 Gonometa postica. In (a) only climatic data were used as predictors (Abiotic model). In (b), the individual probability maps of host plant distributions were used in addition to climate data as predictor variables (Biotic 1). In (c), the individual presence-absence maps of host plant distributions were used in addition to climatic data as predictor variables (Biotic 2). In (d) the combined presence-absence maps of host plant distributions were used in conjunction with climate data as predictor variables (Biotic 3), and in (e), the combined probability maps of host plant distributions were used in conjunction with climate data as predictor variables (Biotic 4). Thinned known occurrence records of G. postica are illustrated in black. Presence-absence maps were generated using the "maximum training sensitivity plus specificity" threshold.
distribution from the abiotic model (Fig. 3a) . When host plant distributions were incorporated into the model as biotic predictors of G. postica distribution (Figs. 3b-e) , the predicted range of the species was more restricted than when they were excluded (Fig. 3a) . Incorporating biotic interactions into the SDMs of G. postica only resulted in improved model performance when the combined presence-absence map of host plant distributions was incorporated as additional predictor, i.e. in the Biotic 3 model (Table 1) Table   1 ). Again, the abiotic model (Fig. 4a ) predicted a broader range of suitable conditions for G.
rufobrunnea than the biotic models (Fig. 4b-e) .
The TSS values did not significantly differ between different model types (G. postica: F(45) = 0.08711, P = 0.986; G. rufobrunnea: F(45) = 0.5025, P = 0.734), though we did not consider these tests to be particularly robust, as they were built on subsets of the same dataset (see Methods).
Analyses of variable importance (based on Jackknife tests) and variable contribution (obtained as outputs from Maxent) revealed that annual mean temperature, annual precipitation and precipitation seasonality were the most important variables for defining Gonometa species distributions in the abiotic models (Table S3, Table S4 ). When the moth-host plant interactions were incorporated into the models, host tree distributions were important predictors of G. Fig. 4 .The abiotic (a) and biotic (b−e) presence-absence maps generated for the current predicted distribution of Gonometa rufobrunnea. In (a) only climatic data were used as predictors (Abiotic models). In (b), the individual probability maps of host plant distributions were used in addition to climate data as predictor variables (Biotic 1). In (c), the individual presence-absence maps of host plant distributions were used in addition to climatic data as predictor variables (Biotic 2). In (d) the combined presenceabsence maps of host plant distributions were used in conjunction with climate data as predictor variables (Biotic 3), and in (e), the combined probability maps of host plant distributions were used in conjunction with climate data as predictor variables (Biotic 4). Thinned known occurrence records of G. rufobrunnea are illustrated in black.
Presence-absence maps were generated using the "maximum training sensitivity plus specificity" threshold.
rufobrunnea distribution and contributed strongly to the models predicting G. postica distribution, although climatic variables remained most important in biotic models of G. postica.
DISCUSSION
This study assessed the performance of SDMs incorporating different types of biotic predictors (along with abiotic variables) against models built using only abiotic predictors, examining
Gonometa as a study group. Because the association between Gonometa species and their host plants is necessary for the completion of the moths' life cycles (Hartland-Rowe 1992; Fening et al. 2008; Fening et al. 2010) , we expected that host plants would strongly shape Gonometa distributions, and that incorporating the moth-host plant interaction into the modelling process would improve model performance.
We found that incorporating the moth-host plant biotic interaction into the model improved model performance for G. rufobrunnea in all cases; the combined host plant probability maps resulted in the best performing G. rufobrunnea model. However, incorporating the moth-host plant biotic interaction only improved G. postica model performance in one instance, i.e. when the combined host plant presence-absence map was included in the model. Given the two Gonometa species differ in terms of host plant species range (Veldtman et al. 2002; Veldtman et al. 2007) , it could be expected that the biotic interaction would have a stronger impact on G.
rufobrunnea given its more limited host species range. Thus, although at least one of biotic models performed better than the abiotic model for both moth species (in agreement with e.g. Menèndez et al. 2007; Preston et al. 2008; Giannini et al. 2013) , the direct effect of climate on species biology or the level of environmental stress experienced by species (Hanspach et al. 2014) . Furthermore, the strength of the interaction (i.e. obligate versus facultative interaction) between a modelled organism and the species that it interacts with may influence the contribution of biotic variables to the distribution of a species. Clearly, the influence of interspecific interactions on species distributions is species-and context-specific (Schweiger et al. 2012; le Roux et al. 2012; Eskildsen et al. 2013 ).
Due to the simple nature of the SDMs used here, some aspects of the study species' biology were not included in the models (see also Text S1). Gonometa species, which are characterised by eruptive, unpredictable population cycles and display large inter-annual fluctuations in population size over different spatial and temporal scales (Delport 2006; Veldtman et al. 2007) , are probably influenced by stochasticity within their environments, which could influence model performance (Pöyry et al. 2008) , but can be difficult to incorporate into SDMs at broad scales.
Such population fluctuations are characteristic of many moth species (Alalouini et al. 2013; Tamburini et al. 2013 ) and can be attributed to both density-dependent factors (e.g. presence of host trees and natural enemies), or density-independent factors (e.g. climate). Both Gonometa species occur in regions that display high inter-annual variation in precipitation and display high geographic and temporal variation in population outbreaks. Therefore, information on when and
where Gonometa outbreaks have occurred in the past, and how these outbreaks relate to annual variation in climate would be ideal for modelling Gonometa distributions. Currently, this information is not available.
In addition, the modelled species is could be influenced by a range of biotic interactions (e.g. predation and parasitism) that were not included in our models (Case et al. 2005; Schweiger et al. 2012; Anderson 2017) . Some of these interactions can be labile, and their effects can range from antagonistic to mutualistic. More sophisticated modelling techniques, e.g. where error matrices are used in multivariate regression models to incorporate biotic interactions between multiple species, are available (Kissling et al. 2012) , but to accurately model distributions based on all mutualistic, competitive or consumer-resource interactions, a large body of information about the ecological networks surrounding them (e.g. the impact of natural enemies) and the natural history of the modelled species are needed; this is information which is often not available and may be complex to interpret (Soberón & Peterson 2005) . In addition, some spatial mismatches between the distributions of host trees and moth species occurs (see Schweiger et al. 2008; Mateo et al. 2010) . For example, although Gonometa are mainly found on the host tree species mentioned here, there are isolated cases of them occurring on other species, e.g. the invasive Acacia mearnsii in the Western Cape. Equally, the host trees occur in areas where the lepidopterans have not been recorded (Fig. S4, S5 ). Therefore, a better understanding of Gonometa interactions with other species (e.g. examining possible regional preference of Gonometa for certain host plant species over others and investigating the effect of natural enemies on Gonometa distributions and dynamics) may improve predictions of Gonometa distributions.
Conclusions
This study is comparable to previous research that has found improved SDM performance after incorporating consumer-resource interactions into models when predicting broad-scale species distributions. However, the incorporation of biotic variables did not always improve model performance, and there was no consistency in which biotic model most improved model predictions. Nonetheless, our biotic models resulted in more constrained distributions compared to climate-only models (e.g. Silva et al. 2014) . Therefore, the impact of biotic interactions on species distributions may be context-specific, even when the species involved have obligatory interactions with other organisms. Appendix S1. The AUC is the area under the receiver operating characteristic (ROC) curve and is used as a measure of model performance for † test data (i.e. data set aside for statistical analyses), ‡ training data (i.e. data used to build the model). § Standard deviation of the measure of model performance. † † Gain of the model: a likelihood statistic (maximising the probability of host tree presence in relation to background data) for the test data (i.e. data used to evaluate how well Maxent predicts independent data), § § The true skill statistic (TSS) is takes omission and commission errors into account and is unaffected by prevalence and the size of the validation set. A number of issues can influence SDM model performance. While we included abiotic and biotic interactions in the models, dispersal limitation, which was not considered here, may prevent species from occurring in areas where the climate is suitable (Blach-Overgaard et al. 2010 ), leading to contingent absences (Lobo et al. 2010) . However, Gonometa have the ability to disperse over fairly large distances (Veldtman et al. 2002; Veldtman et al. 2007) ; therefore, it is unlikely that many false presences were predicted due to dispersal limitation. In addition, because of the eruptive life cycle of Gonometa populations, a locality recorded as a presence during one time period may be recorded as an absence in another time period. Such sampling bias would be easily accounted for if the location of collection could be matched to seasonal weather patterns and so incorporates into models. However, this information is difficult to come by. This scarcity of knowledge on species distributions that exists is referred to as the Wallacean shortfall (Lomolino 2004) and is a reality for many organisms, especially invertebrates (Beck et al. 2013 ).
